Understanding what drives, catalyzes or constraints land use change in the Brazilian agricultural frontier is a condition for effective policy design at the local level, which in turn might have implications for food production, environmental conservation and greenhouse gas emissions worldwide. We analyzed the process of agricultural expansion observed in the state of Mato Grosso, the country's largest agricultural producer, by mapping and quantifying the incorporation of new farming areas and the conversion of existing ones into mechanized soybean fields at the farm-level. Through statistical modelling we also investigated the influence of key economic, biophysical, environmental and logistics variables on this process while accounting for recent changes in the Brazilian environmental legislation. We found that the area converted to soybean production increased almost 1.5 million hectares between 2009 and 2013, more than 70% of which in farms that already had some soybean in previous years. By comparing the explanatory power of eight regression models involving different groups of variables, we found that soybean expansion is strongly associated with the presence of other soybean fields and warehouses within 50-100 km. The model with the largest explanatory power suggests that soybean expansion is also likely to occur in areas of high conservation value. Finally, the sensitivity of soybean expansion to soybean prices indicated the potential for further agricultural growth in Mato Grosso while highlighting how crucial smart logistics investments are for regional development with environmental protection.
Introduction
The state of Mato Grosso is at the center of agricultural production and land use change in Brazil. Yet, the local process of territorial occupation and landscape transformation happened recently, over a relatively short period of time. Despite Mato Grosso's low population density (Ibge, 2015) and poor infrastructure (Macrologística, 2013) favorable agronomic conditions ensured its position as top producer of several commodities. Currently, Mato Grosso alone accounts for a significant share of the national production of cotton (50%), corn (35%), soybean (29%) and beef cattle (15%) (Conab, 2015; Ibge, 2015) .
In terms of economic value, soybean is the most important product of Mato Grosso's agribusiness sector, representing 40.36% of its gross domestic production (GDP) (Do Nascimento et al., 2018) . The fact that the agribusiness sector accounts for 53.15% of the state's total GDP makes it clear that this crop largely drives the local economy.
Further, soybean expansion is expected in face of rising commodity prices pushed by world population growth and currency exchange rates favorable to Brazilian exports (Alexandratos and Bruinsma, 2012) . According to the latest projections of Mato Grosso's Institute of Agricultural Economics, more than half of the area currently occupied by pastures (i.e. 15 million out of 24 million ha) could be allocated to the production of grains, leading to a 160% increase of the 8.9 million ha cultivated with soybean in 2014/15 (IMEA, 2015b) . This conforms with other recent projections according to which soybean annual growth rates will be between 0.80 and 2.65% for Brazil as a whole, and between 2.97% and 4.81% for Mato Grosso specifically (Fiesp, 2015; Mapa, 2016; Masuda and Goldsmith, 2009 ).
While agricultural expansion is an important driver of economic growth for Brazil (soybean exports in 2015 accounted for more than 1.5% of the country's GDP) and might be needed to satisfy the world's demand for food and feed, environmental impacts potentially associated with it must be considered by policy makers. Efforts undertaken by the Brazilian Federal Government to drive agricultural expansion into already deforested areas have been largely successful and contributed to decouple this process from illegal forest clearing (OECD, 2015) . However, further policy efforts are needed to ensure the persistence of such trend and, furthermore, to bring Mato Grosso's ca. 11 million ha of degraded pastures back into cultivation.
Understanding what drives, catalyzes or constraints land use change is necessary for the design of effective and sustainable policies. Previous assessments of agricultural expansion and territorial occupation have already provided important insights into land use change in Mato Grosso (Fiesp, 2015; IMEA, 2015a; Mapa, 2016) and helped reveal more stable, longer-term land use trends. Among catalyzing factors were climatic conditions, proximity to markets, land tenure profile, logistics, biophysical conditions and land use in previous years (Aguiar et al., 2007; Jasinski et al., 2005; Mann et al., 2010) . Other studies have also explored how the interaction between some of these factors affected the income and profitability levels associated with different land use choices in livestock systems (Bowman et al., 2012) and crop farming (Mann et al., 2014) .
Some literature also exists on short-term land use decisions in recent years. While some authors focused on the identification of multiple drivers of land use change (Veldkamp and Lambin, 2001; Verburg et al., 2014a) , others emphasized the role of economic factors affecting the relative profitability of different land uses, such as transportation costs (Weinhold and Reis, 2008) , commodity prices (Verburg et al., 2014b) or land rents (Mann et al., 2010 (Mann et al., , 2014 . The importance of non-economic sources of utility in Mato Grosso has also been examined, particularly with regards to the persistence of pastures where the conversion to cropland could bring greater economic returns (Bowman et al., 2012) .
Especially due to the deforestation process occurred in Mato Grosso, the social and environmental impacts of the land use change have also received attention (Anderson et al., 2003; Carvalho et al., 2016; Rivero et al., 2009; Simões et al., 2014) . These impacts cannot be ignored given the fast pace of decision making in agribusiness and the dynamic nature of land use change, especially in a state as large and globally connected (Almeida et al., 2014) .
In this study, we characterized soybean expansion and analyzed the factors influencing this process through the lens of farmers themselves, by looking into the variables that tend to steer year-to-year farming decisions. We first mapped the cumulative expansion of mechanized agriculture in Mato Grosso, Brazil over 2009-2013 at the farm level. We then identified which variables influenced cropland expansion through mixed statistical approaches. Finally, we analyzed the influence of each variable under varying soybean profitability levels through sensitivity analyses on different soybean prices. The implications of our findings, limitations of the study and policy recommendations are discussed at the end.
Methods
Each of the steps performed as well as details on the variables considered in our analyses are explained as follows.
Mapping
A land use map of Mato Grosso was generated in order to map and quantify the cumulative expansion of soybean mechanized agriculture observed over [2008] [2009] [2010] [2011] [2012] [2013] . Individual farms were chosen as the unit of analysis because they allow us to capture the large agro-climatic and socioeconomic variation of regions within Mato Grosso, besides reflecting the scale at which farmers' decisions are made and the environmental legislation must be enforced.
As many databases of rural properties exist in Brazil -not all in accordance with a single official agrarian registry -we juxtaposed six of them onto a map of municipality boundaries to generate a state-wide grid of farm boundaries. Non-registered areas were divided into polygons of 10,000 ha each and randomly assigned to the other datasets. The area of 10,000 ha was chosen empirically since it preserved the spatial correlation power of the analysis without leading to excessive territorial fragmentation nor requiring overly high computational processing power. ArcGIS was used to correct for the topology errors that arose from the juxtaposition. Table 1 shows basic information of the eight layers included in the final map. Conservation units and indigenous lands (layers 7 and 8) were excluded from our analysis since the Brazilian Environmental Legislation prohibits the establishment of commercial farming in such areas. The law also determines that a minimum share of every rural property must be set aside for conservation purposes (the so-called 'Legal Reserve'). The share varies according to the biome where the property is located (until 2004, 35% in the Cerrado and 80% in the Amazon; after 2004, 20% in the Cerrado and 50% in the Amazon). In our analysis, it was not possible to check whether each property was in full compliance with the law due to uncertainties concerning (1) the exact share kept as set-aside land by each farmer, (2) the exact year when deforestation may have happened; and (3) the exact location of each farm's Legal Reserve (given the possibility to have it in another property through a lawful compensation instrument).
Although settlement properties (layer 6) are often too small for the cultivation of soybean from an economic feasibility perspective, they were considered as a potential area for soybean expansion given that they can be rented and/or incorporated to adjacent properties. Whenever inconsistencies across layers were encountered, the sequence of juxtaposition determined the predominance of a layer over another. For example, if the same grid cell appeared as a forest conservation unit in layer 7 and as indigenous land in layer 8, it would be considered an indigenous land in our analysis. The only inconsistencies found were associated with the layer CAR, for which no absolute georeferencing precision is required as in the case of land owners applying for a LAU (layer 4). The degree of precision of layers 3-5, combined with the frequency of farms with georeferenced properties (GEO), LAU and/or CAR, motivated their juxtaposition order. In particular, GEO was placed 'above' LAU given that having a farm georeferenced is the first step to obtain the LAU.
The final grid was a map of farms with potential for soybean expansion over 2009-13, determined by the presence of agricultural areas already deforested and still unoccupied by soybean (Figure 1) . By cross-checking it with land use data from IMEA (2015a), it was possible to identify which polygons had undergone any land use changes, including soybean expansion. For this, we crossed MODIS satellite imagery with data on 25 thousand ground-collected coordinate points using the Support Vector Machine (SVM) classifier. The aim was to identify how land was being used in each year, from 2008 till 2014. The results were then checked against images from the Landsat satellite, which has a better resolution, to reduce errors. The hit rate of the soybean classification measured by a matrix of confusion was 96.91%.
Statistical analysis ■ 2.2.1 Principal component analysis
Based on the existing literature of land use in Mato Grosso (Aguiar et al., 2007; Jasinski et al., 2005; Mann et al., 2010) , we hypothesized 38 variables to be related to farmers' land use decisions (see complete list in Supplementary Table A1 ). The agronomic variables selected for the analysis indicated the potential for mechanization, pH correction requirements and the presence of favorable temperature and precipitation for crop development. The logistic conditions offered a proxy for supply chain infrastructure and transport cost. We estimated three economic parameters related to the profitability of soybean production in each location (see supplementary materials -economic variables and modeling parameters). It is important to note that the profitability of each farm was calculated relative to the already deforested area; areas with no forest but with agronomic potential to produce soybean were also considered, and had their profitability estimated as well.
We then used Principal Component Analysis (PCA) to reduce the number of explanatory variables and identify the most crucial factors behind soybean expansion. In the PCA, we considered only the grid cells where soybean expansion took place. To avoid distortions, the data were standardized and each grid cell was weighted according to the size of the expansion.
■ 2.2.2 Logistic regression and model comparison
In parallel to the PCA, eight logistic regression models were run with different subsets of variables. The comparison of the explanatory power of the different models gave us insights into the importance of each variable for soybean expansion over the analyzed period. For three of the models, variables were selected through statistical processes; another four included thematic clusters of variables (economic, agronomic and logistics); and the remaining model included variables selected by local experts (Table 2) . Table 2 . Description of variables in each statistical model.
Model Variables 1
Origin / nature 1 roo, coo, rbo, dcv, chm, msc, svd, csl, depmi, dpmi, djc, dpf, rsv200 PCA component 1 2 ra50, rsv050, rsq050, rsq100 PCA component 2 3 roo, coo, rbo, dcv, chm, msc, svd, csl, depmi, dpmi, djc, dpf, ra50, rsv050, rsv200, rsq050, rsq100
Combination of Models 1 and 2 4 roo, coo, rbo Economic variables 5 dcv, chm, msc, svd, csl Agronomic variables 6 denmi, depmi, dami, dsmmi, dpmi, djc, dpf, rsv025, rsv050, rsv100, rsv200, rsq025, rsq050, rsq100, rsq200
Logistics variables 7 dmia, ra025, ra050, rsq025, rsq050 Logistics variables of neighboring farms 8 roo, dcv, chm, msc, svd, csl, lvr, pst, dmia, denmi, depmi, dami, dsmmi, dpmi, djc, ra250, ra050, ra100, rsv025, rsv050, rsv100, rsq025, rsq050
Variables selected by local experts Celidonio et al. Volume 22, Issue 2, 2019 In the regressions, the binary dependent variable could assume the values of 1 if the farm had experienced soybean expansion or 0 otherwise, as stated below.
where Y i is the probability of soybean expansion in farm i, β j is the coefficient of j, X ij represents the value of variable j and e i is the error term.
All eight regression models reflect the same period (2009) (2010) (2011) (2012) (2013) . Data on land use conversion from 2014/2015 was used to check the model fit. Since the probabilities of soybean expansion in all eight models were not normally distributed (see Supplementary Figures A1 and A2 ), we employed non-parametric tests. The following tests were performed with the software R (https://www.r-project.org): Komogolov-Smirnov, Mann-Whitney-Wilcoxon and nonparametric multiple comparisons. We then plotted a 'Roc curve' for each model to check which of them best predicted the conversion to soybean occurred in 2014/2015. The area below each curve represents the explanatory power of the corresponding model, indicating if the land use change occurred where the model predicted a higher probability of change.
■ 2.2.3 Sensitivity analysis
Sensitivity analyses were performed at the end to explore what would happen to the results of each regression model (in terms of the relative influence of different variables) if soybean prices changed. Heat maps displaying the deciles of probabilities of soybean expansion were also generated to elicit spatial patterns and visual similarities across the models.
Results

Mapping
Mato Grosso's potential farming area -excluding indigenous lands, conservation units and settlementsencompassed 38,393 rural properties. Together, these properties corresponded to 66 million ha (or 73.2% of the state's total area) ( Table 3) . Registered farms (present in the GEO, LAU and/or CAR datasets) represented 44.8% of the state's total area and 61.1% of the analyzed area.
Soybean expansion was observed throughout the entire analyzed period (Figure 2) . Most of the expansion occurred in 2012 (368 thousand ha) in the Northeast and Middle-North regions. In 2013, 52.7% of the area of all rural properties still had primary vegetation from at least one of the three biomes spanned by Mato Grosso (i.e. the Amazon rainforest, the Cerrado and the Pantanal). Although non-registered areas (ANP) represented 40% of the total area over 2009-2013, only 25% of the soybean expansion happened in these places. In other words, 75% of the soybean expansion occurred in areas with CAR, GEO and/or LAU. Although 2012 was the year with the largest expansion of soybean production, it was also the year with the lowest proportional growth over forest areas (3.4%). Most of this growth (87.7%) occurred over pasture areas. The largest proportion of soybean expansion over remaining forest areas was observed in 2013 (7.8%), when expansion over pasture and other land cover classes accounted for 77.6% and 14.6%, respectively. Both the area and the number of farms where soybean expansion took place increased over 2009-2013, although not at the same rate (Table 4) . On average, the area converted per farm oscillated between 186 ha in 2013 and 277 ha in 2012. The share of soybean expansion in farms with no previous soybean cultivation reached its peak in 2012.
Principal component analysis
The results of the PCA are shown in Table 5 . The visual correlation between the different datasets of historic soybean cultivation and the heat maps of the probability of soybean expansion ( Figure 5 ) reflects the natural suitability of certain areas for soybean expansion. Principal component 1 explained 40% of the variance in our sample. In total, 12 variables showed values greater than 0.8 (Table 5 ). Although the coefficient obtained for the variable 'storage capacity' was slightly lower, the variable 'storage capacity in 200 km' showed the largest negative value and contributed to the model's overall explanatory power. Principal component 2 explained only 14% of the variance in our sample; still, it featured five variables with values above 0.75 -namely storage capacity in 50 km, storage capacity in 100 km, number of storage capacity in 50 km, number of storage capacity in 100 km, and the total farming area in 50 km. Economic variables (roo, coo and rbo) had the largest influence on soybean expansion, followed by average soil class (csl) and storage capacity within a 200 km-radius (rsv200) (Figure 3 ).
The scale of production interfered directly in the estimated production costs, particularly because the size of the farm does not always allow for the optimal employment of machinery and labor, thus leading to idleness and higher costs with depreciation and insurance. Likewise, logistics affected production costs and revenues. Costs accounted for the effect of farm location on the prices of fertilizer and lime, since these inputs are utilized in large amounts and have relatively low added-value (the interference of transport cost is considerable). The farm location is also important in determining the revenue accrued by farmers since farm-gate prices are calculated as the soybean price referenced to the international market (e.g. Chicago Stock Exchange, USA) minus freight to the nearest port. 
Logistic regressions and model comparison
The impact of the variation of each variable on the probability of soybean expansion is displayed in Table 6 and 7. Such impact was calculated as the absolute difference in soybean expansion probability, measured in percentage points and caused by variations in each variable. Two cases were analyzed: when the variables assume their minimum and maximum (Table 6 ) values vs. when they assume median values that correspond to the 1 st or 3 rd quartiles of their distribution function (Table 7) . The quartile measure facilitates the analysis of variables whose distribution function is concentrated around specific classes. For example, if a variable such as 'slope' was set to its minimum and maximum values, model result would be strongly affected; however, that would hardly be the case in the real world given Mato Grosso's natural conditions. In general, biophysical variables did not have a major effect on the probability of soybean expansion. Variations in soil class (csl) were the main source of sensitivity for Model 5, second main source for Model 1 and third main source for Models 3 and 8. The severity of droughts (svd) exhibited high relative importance to Models 1 and 5. Variables controlling for previous land use (pst, lvr) were part of Model 8 only and led to small conversion probability changes under current conditions (i.e. 1 st and 3 rd quartiles) but large probability changes (up to 97%) when minimum and maximum values were considered. Proxies of the surrounding farming area (dmia, ra025 and ra050) corresponded to the greatest sensitivity in Models 2, 3, 7 and 8. Only two of the three economic variables originally included in Model 4 were found to be significant. The difference between soybean expansion probabilities where it did occur vs. not was considerable, just like the median between the first and third quartiles (73%). The probability of conversion was shown to be particularly sensitive to logistics variables, particularly siloes and storage facilities, indicating the importance of this type of structure for future agricultural expansion and development.
The model with the highest explanatory power (Model 2) contained two variables representative of logistics and infrastructure: siloes and neighboring soybean fields. Intermediate distances (50km and 100km) were found to be more important than the shortest and longest distances (25km and 200km). Although access to farm is commonly pointed out by specialists as one of the main determinants of farmers' land use decisions, the distance to paved and unpaved roads (denmi and depmi, respectively) did not have a large impact either. The same was true concerning the distance to the centroid of the municipality (demmi), ports (dpf / dpmi) and lime mills (djc). Table 8 depicts the relative and absolute differences pointed out by each model predicting soybean expansion in 2014. The intersection between quartiles (displayed on the right column) indicates the level of accuracy of each model's predictions. The smaller the intersection, the greater the ability of the model to distinguish areas of soybean expansion from others. Model 8 presented the largest differences between the mean of converted vs. non-converted areas. Concerning median values, Model 3 presented the largest differences between converted vs. non-converted areas. Model 2 showed the smallest overlap between the first and third quartiles (1%). Additional model comparisons can be found in Supplementary Figures A3 and A4. The comparison of the roc curves (Figure 4) 
Sensitivity analysis
The heat maps in Figure 5 allow us to visualize the differences and similarities across each model projection of soybean expansion. Clearly, economic variables alone (Model 4) did not show a clear spatial pattern of the probability of soybean expansion. Although no sharp contrast can be seen across models, Model 5 (based Figure 5 . Heat maps showing the probability of soybean expansion across different regions of Mato Grosso as predicted by regressions models 1-8.
on environmental/agronomic variables) is the most discrepant, pointing out a relatively high probability of land conversion in the Northwest of Mato Grosso (in the Amazon region). Models 6 and 7 suggested some heat points in areas located near existing soybean fields.
The best predictive models (1, 2, 3 and 8) are quite similar with regard to the highest probabilities of soybean expansion around the center of the state, near the highway BR-163. The main distinction found between Model 2 and the others was the homogeneity of probabilities around conversion hotspots.
Discussion
Our results elicited some hotspots of soybean expansion and suggested the persistence of such trend in the future. In more traditional soybean production regions, where infrastructure already exists and the soybean supply chain is more developed, some expansion is still expected due to agglomeration economy effects reported in the literature to favor the emergence of a positive feedback loop for agricultural development in existing production hubs (Garrett et al., 2013) . Further expansion in traditional production regions is also likely to be linked to yearly price variations and their impact on farmers' willingness to further invest in the farm.
Yet, as our analysis also indicates, a significant share of soybean expansion in the next years might take place in less traditional regions with adequate agronomic conditions and possibly lower land prices. The increase of the share of soybean expansion in farms with no previous soybean reflects farmers' reaction to positive economic return, followed by their decision to acquire new lands. This is aligned with other studies showing the greater liquidity of land markets over the same period (Informa Economics, 2013) and the dissemination of rental contracts involving the temporary conversion of pastures into cropland (Cohn et al., 2016) .
It is hard to disentangle the effect of different groups of variables (economic, agronomic, logistics, etc.) on farming decisions since there are interactions among them. For instance, even the models with no agronomic variables might implicitly account for them given that soybean is currently produced in regions with favorable natural conditions (as indicated by the similarity between the map of Model 5 and the others). Analogously, the proximity to siloes and good logistic conditions influence soybean production costs in certain regions. In addition, the explanatory power of economic variables is relative to the explanatory power of the other variables they are analyzed with (mainly logistics-related variables, due to their influence on the cost of labor and other inputs). Nevertheless, the proximity to existing soybean fields and to supply chain infrastructure were found to be quite influential of soybean expansion. The same goes for logistics variables: the distance from municipality to ports was not that crucial, but the distance from each farm to the nearest siloes and to other soybean farms were both significantly associated with land conversion. Even though farmers may perceive distance differently and be more or less tolerant to it, their willingness to invest in the construction of storage facilities decreases if the farm is already close to a commercial silo that can be rented (IMEA, 2016) . Soybean expansion where storage facilities are already available is less risky.
The discussion of which of the variants is the most important is attractive, but it is dangerous to assume that one has more impact than the other. Some have an important weight in all models that have been present, such as the variable roo and csl. Others had an even greater impact in some models, such as dmia, but it was a variable not selected by the PCA models. There were also cases of variables that had a very high importance in some models, but of less relevance in others, such as ra050. Finally, some variables were important only in extreme situations, when in their maximum or minimum, as the case of variables lvr and pst.
Regardless of the effect that each individual variable may have on soybean expansion, our analysis shows the importance of looking into them in an integrated manner. Despite how influential potential costs and revenues are for farmers' land use decisions (our sensitivity analysis showed that changes in profitability were the main source of variation for several models), economic variables alone are not good predictors of soybean expansion unless combined with other variables, such as agronomic indicators.
Our analysis of the importance of economic variables might have been partly compromised by the lack of an official, consistent database of farm boundaries. Exactly because of the importance of farm scale for soybean production, future mapping of soybean expansion should follow strict farm boundaries. Yet, the probabilities of conversion statistically modeled were well aligned with real-world observations in 2014. Similarly, variables that can proxy for cultural aspects as well as information on second harvest crops and complementary economic activities could lead to somewhat different conclusions concerning farmers' land use behavior. Despite the uncertainty on specific points, our regression models shows a higher probability of soybean expansion in two areas of Mato Grosso of high conservation value (the Amazon rainforest in the state's Northwest and in the Pantanal in the state's Center-South) thus requiring attention and revealing an opportunity to influence land use dynamics. While price oscillations are harder to predict and act upon, investments in logistics -a crucial factor for soybean expansion -should be planned while taking that into account.
Our results should be carefully interpreted concerning compliance with the environmental legislation. Although a small share of the soybean expansion occurred in farms which did not appear in the CAR, LAU and/or GEO databases, this does not necessarily reflect farmers' compliance. In fact, those who have established a 'Term of Conduct Adjustment' (TAC -in Portuguese: 'Termo de Ajuste de Conduta') committing themselves to a compliance plan already appear in these databases irrespective of the environmental liability they bear. It could also be that the land conversion associated with soybean expansion took place before a 'TAC' was established. Similarly, the fact that some farmers do not appear in these databases does not necessarily mean that they failed to set aside a share of their properties for conservation purposes.
The fact that soybean prices were generally high throughout the entire analyzed period limits our understanding of the influence of economic losses or less favorable market prices on the expansion or contraction of soybean farming. On the other hand, it elicits how sensitive soybean expansion is to small profitability changes as well as other variables of interest, such as farmers' perception of production scale and how that affects production decisions. Although higher profitability levels tend to be associated with larger farms, we showed that this may vary due to yearly price oscillations. Throughout the analyzed period, 2012 was the year with the highest profitability (when a profit margin of 200% could be reached by farms of approximately 4500 ha) whereas 2010 showed the lowest profitability (requiring a larger soybean area to achieve the same profit margin as in other years). The fact that soybean expansion in 2012/13 happened in greater proportion in farms that already produced soybean can be largely explained by the expansion that had already taken place in 2011 and increasing land prices (up to 75% higher in some regions (Informa Economics, 2013)).
Conclusions
Investigating the extent, location and determinants of soybean expansion in Mato Grosso is a condition for the implementation of effective and sustainable land use policies. Our maps and statistical analyses allowed us to (1) characterize soybean expansion in recent years at a detailed level, (2) understand the importance of environmental, agronomic and logistic factors in determining the probability of land conversion, and (3) highlight how sensitive soybean expansion can be to price changes in the short run.
Land use policies that allow the state to prevent irregular agricultural expansion through illegal deforestation -and at the same time provide the necessary infrastructure for the sustainable development of agribusinesses -should be prioritized. As this paper and other studies have shown (Aguiar, 2006; Chakir and Parent, 2009) , the improvement of the supply chain infrastructure through the introduction of paved roads, for example, can foster agricultural production of higher economic value. These land use transitions could bring environmental gains as well, such as the restoration of formerly degraded pastures, although impacts on carbon emissions, water consumption and biodiversity must be assessed carefully.
Some policies focused on the creation and/or expansion of conservation units and indigenous lands are currently being discussed at the federal, state and municipal levels. The results of our analysis can aid these Celidonio et al. Volume 22, Issue 2, 2019 discussions by providing evidence on the evolution of productive chains and what drives or constraints further agricultural expansion.
It is important to promote the development of services and industries in regions where the potential for soybean expansion already exists, thereby reducing production costs, adding value to the final product and reducing the pressure for soybean expansion where environmental conservation should be the focus.
Alternative methodological approaches can help us understand land use changes and could complement the analysis presented here. For instance, social data can be explored to understand and forecast farmers´ intentions concerning management decisions (Pocewicz, 2008) , just like land prices and other market-related information may act as complementary predictors of land use transitions (Ustaoglu, 2016) . Additional research avenues identified throughout this study include sensitivity analyses involving refined logistics parameters of alternative transport modes and storage facilities. Several projects for the construction of waterways and railroads are already underway and have attracted investments from local and international players of the soybean supply chain. Given that transport accounts for a large share of soybean production costs in Mato Grosso, logistics are crucial for predicting crop farming expansion and assessing the environmental pressure that may arise from it. Finally, soybean expansion in frontier regions may be a distinctive process due to land prices, market speculation and actors' goals, thus warranting further investigation.
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Supplementary material can be found online at https://doi.org/10.22434/IFAMR2018.0072. Table A1 . Complete list of variables hypothesized as relevant for the expansion of soybean in Mato Grosso. Figure A1 . Histograms depicting the distribution of probability of soybean expansion in each statistical model. Figure A2 . Boxplots of the probability distribution of converted vs. non-converted areas in 2014. Figure A3 . Histogram of the probability distribution of areas converted in 2014. Figure A4 . Boxplots of the probability distribution of soybean conversion according to each regression model for converted areas.
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